Increasing our understanding of single and multiphase flow properties requires an accurate description of the pore system. Recent imaging technology provides images at different resolutions by which the pore space can be characterized properly. An accurate prediction of flow properties cannot be achieved computationally if the simulation domain is small. For a large sample, however, one may upscale the fine-scale information through pore-network modeling to expedite the computations. Due to a small field of view of the available images, such modeling can be conducted with ease for simple and heterogeneous rock samples. For complex and multiscale systems, however, one single-resolution image may not be sufficient. Thus, one should integrate the valuable information that lies in both the fine-and coarse scale into the pore network. In this paper, multiscale pore networks are generated which can take the microporosity, either in the solid phase (i.e., grain filling) or pore space (pore filling), into account. The proposed method can use the available high-resolution images for different pores and/or grains and stochastically build several micronetworks, which avoids fewer simplifications as present in the current methods. Next, depending on the location of high-resolution images, the generated micronetworks are implanted in the designated spots. Furthermore, cementation is also quantified and simulated by eroding the pore space. Finally, all the above physics are integrated within several stochastic multiscale networks. The final models are then used to evaluate the flow properties by comparing the statistical characteristics and single or multiphase flow behavior (e.g., capillary pressure, absolute and relative permeability). The results indicate the importance of incorporating the micropores as they can effectively connect the large-scale and isolated macropores. Furthermore, the single-and multiscale pore networks manifested a significant difference between the capillary pressure and residual saturation. Finally, a representative elementary volume study based on the generated multiscale pore networks for different scenarios is performed and the results are compared.
I. INTRODUCTION
During the last few years, it has been recognized that accurate characterization of transport properties in geomaterials requires a precise picture of pore scale. Indeed, the fundamental flow transportation occurs at the fine scale and, thus, deep understanding of such a complicated and small scale is very crucial. Such an understanding is not limited to geomaterials; other fields such as materials science, food industry, and soil sciences have this complexity in common. In geomaterials, several fields such as CO 2 sequestration, enhanced oil recovery, and environmental remediation are only a few examples wherein the rock samples are studied up to very fine scale. Such a noteworthy progress is indebted to the recent progress in three-dimensional (3D) and fourdimensional imaging. Thus, with the recent progress in the field of imaging, accurate mapping of the spatial distribution of pore spaces is now plausible. The previous imaging techniques were only able to capture the macro-(1-4 µm) and micro-(0.1-0.3 µm) pores, while the high-resolution imaging can detect the nanoscale pores (1-100 nm) as well.
Detecting the fine-and large-scale pores in the present images requires providing a sufficiently large [i.e., representative elementary volume (REV)] image, which is not experimentally practical as it can be very expensive if the sample is * ptahmase@uwyo.edu too heterogeneous. Therefore, heterogeneous samples require making large images since they often manifest a complex distribution of pore space. Such a wide distribution of pores and variability can be found in unconventional reservoirs, carbonate rock, or sandstone samples that have undergone physical alteration and chemical dissolution. In a similar fashion, high-quality images are limited to a small field of view. Thus, producing a large and high-resolution image is not practically plausible and a trade-off between the field of view and image resolution often exists. On the other hand, generating such images can be achieved computationally using the recent state-of-the-art reconstruction methods [1] [2] [3] [4] . The application of such methods, however, entails the availability of images at different scales and REV size. Until now, generating large and high-resolution samples from small images remained an open question [5] . Given the availability of large images, effective use of them is still challenging.
Two common methods are available by which one can use the available 3D images for pore-scale computations [6, 7] . One is direct simulation wherein the Navier-Stokes equations are solved over the actual pore geometry. Such computations can be very expensive when one deals with multiphase flow simulations. Another approach is simplifying the pore geometries into a set of well-defined objects through pore-network modeling. The pore-network models aim to represent the real geometry of pore space using some well-defined objects (e.g, sphere, tube, …). Although simplifying the pore geometry can result in an inaccurate prediction of complex multiphase flow modeling [8, 9] , reasonable results can be achieved if the geometry and pore space are extracted more realistically. This approach is limited to single-scale pore networks as the pore spaces are extracted from the input image directly. Thus, extracting a reliable pore-network model requires providing a large image in which all pore systems (e.g., multiscale void geometries) are covered. Therefore, several imaging techniques with different resolutions need to be integrated. The importance of considering the microscale pores on the physics of flow [10] and even electrical properties [11] has been studied extensively. For example, a significant difference in capillary pressure and residual saturation has been observed when the micropores are included [12] . Therefore, considering only a single length of pore sizes or spatial connectivity may not be sufficient and, thus, ignoring the microporosity can cause a severe mismatch between the computational and experimental data.
An alternative for representing the multiscale pore spaces is building the pore networks separately, one for macroscale and another network describing the micropores. In other words, instead of generating a large and high-resolution image and extracting its pore network, which is practically difficult, one can directly produce its multiscale network. Although building such a multiscale system is challenging, its resultant links and nodes represent both small-and large-scale connections. Several attempts have reported the results on this topic. For example, Jiang et al. [13] presented a workflow for superimposing the pore networks extracted from different resolutions. They first build two networks, namely at the micro-and macroscale, then fuse them into a single network. The macropore network is extracted from a 3D image, while the micropore network is generated using the extracted statistics from high-resolution two-dimensional (2D) images. Thus, there is no control on the distribution of the microscale network over the final model and it can become computationally expensive. Later, the spatial distribution of micropore, extracted from subresolution images, was included in this technique wherein the impact of the spatial correlation of small pores on different flow properties in a carbonate reservoir is demonstrated [14] . This method was later revised in a more systematic way [15] . Basically, they use the original rescaled macroscale pore network and map it onto the designated regions (i.e., micropore spots). The new multiscale pore network can take the physical properties such as clay-and pore-filling micropores into account within the final model. Later, the micropores were considered as a set of upscaled porosities within the macropore network [16] . Therefore, the importance of including the micropores has been proven to be critical and necessary.
Moctezuma and others used a dual network consisting of a primary and secondary (vugs) pore spaces for carbonate rock samples [17] . Békri et al. [18] generated a dual-pore network using cubic-lattice objects and added conductivities due to the presence of micropores in the matrix. The micropores are, indeed, considered to be continuum porous media. Following a similar idea, cubic blocks, representing the micropores, were added to the macropore-network [19, 20] . This method is, however, based on a strong assumption that the macro-and micropores are parallel. Concurrently, Biswal et al. [21, 22] used a multiscale method based on the process-based modeling for carbonate rocks. The computational time of such a modeling due to using the actual physical rules is significant and, thus, is limited to small samples. Next, multiscale porenetwork modeling was generated by a simple superimposing in carbonate rocks [1] . Here, the micropore network was constructed using one single image and then superimposed on the available macroimage. This method does not consider any difference between the micropores at different locations over the macrosample. Jiang et al. [23] generated a multiscale pore network using the statistical information acquired from the pore networks at different scales, rather than a simple superimposing. In fact, the statistical properties of micropores are first extracted from the corresponding images and then, on a domain with the size of the macronetwork, a stochastic micromodel is generated. Finally, the two-scale network is produced by making a cross-scale connection between the networks. Thus, this method is able to produce several equiprobable multiscale pore networks. This method, however, produces a microscale pore network, which can be computationally expensive and physically unrealistic. Furthermore, the fine-scale network may not present consistently in the entire domain. The previous network fusing was modified in such a way that the locations of micropores correspond to Ref. [15] . The microscale pore network is obtained by downscaling the 3D macropores wherein several physical properties are considered (e.g., pore filling and grain filling). This method, however, seems to act as a deterministic method. Finally, Bultreys et al. [16] considered the micropores as a continuous porous medium and added them to the macronetwork. A schematic representation of all available multiscale pore networks is graphically shown in Fig. 1 .
One of the drawbacks of the current methods is that, firstly, the micropores are not well defined and they have been considered as a rescaled form or are based on the statistics extracted from the micro-computed tomography (CT) images. Secondly, a hypothesis of the similarity of the micro-and macropores is often posed, while in reality, such assumptions may not be very representative. In this paper, the micropores are reconstructed directly based on the micro-CT images. Such high-resolution images are, however, widely available these days. To best use such images, a reconstruction method is used by which 3D pore structures are generated and then used within the macroscale pore network. Furthermore, similar to the previous studies [15] , the generated multiscale pore network is coupled with some important physics in porous media (e.g., clay filling, pore filling, and cementation). For example, the cementation in porous media is interpreted as dilation by which the cementation ratio can be controlled and mimicked. In brief, this study lies in using 2D high-resolution images for the microscale pores and converting them to 3D models. In fact, the previous methods are limited to either small high-resolution 3D images [13] , which might not be very representative, or rescaling the macropore networks [15] . In this study, however, the representative high-resolution 2D images are used directly as they can reveal more crucial details on the small-scale pores. Besides, cementation is modeled through a concept of dilation. [18] . (c) The method which considers the micropores parallel to throats in macropores [19] . (d) This diagram represents the model wherein the micropores are generated statistically with the same size of the macrosample and then connected to the macropores on the boundaries [13] . (e) Representation of the model that the micropores are upscaled and added to the main macropores [16] . (f) Multiscale pore-network model wherein the micropores are inserted selectively and other physical characteristics such as grain filling and pore filling can be reproduced using this model [15] . Note that the circles and tubes represent the pores and throats, respectively. The intermediate throats connecting the micro-(yellow color) and macropores (blue color) are shown in red color. The grains (i.e., matrix) is depicted in black.
The rest of this paper is organized as follows. Section II reviews the current multiscale pore-network modeling. Next, the implemented reconstruction method for constructing the micropores is discussed. Afterward, the main algorithm for building the multiscale network and including the important physics is described. Section III presents the results of the proposed method, including important pore-network statistical properties and some key parameters of multiphase flow simulation, and an exhaustive comparison with the original single-scale data. Section IV summarizes the findings.
II. METHODOLOGY

A. Pore-network modeling: A brief review
One of the fundamental facts in pore-scale modeling is the effect of pore geometry. Therefore, due to its vital role in other applications, several studies have been done on this scale under different flow regimes [24] . Pore-scale modeling can be implemented using a direct use of the porous media image and a network model. In the direct numerical simulation, the extracted images are used, and pore geometries define the flow paths. Several methods have been developed to date that can be used on the porous media images. For example, lattice Boltzmann method, computational fluid dynamics, and smooth particle hydrodynamics are some of the popular methods. These methods provide realistic flow results. Their implementations, however, come with a significant computational cost and the simulation domain is restricted to small sizes. The pore-network models, instead, can handle the large samples easily by simplifying the pore geometries. It should be noted that the final network contains information about size, location, spatial connectivity of pores, as well as the geometry of the connecting throats. In fact, the pore network is characterized by the pore and throat geometries, where the pore and throat refer to the large and narrow void spaces, respectively. The pore spaces are connected through the throats. Extracting such geometries require using simple and well-defined objects (e.g., sphere and tube) wherein the roughness and irregularity of pore geometries are usually ignored [25] [26] [27] [28] [29] [30] [31] . Currently, extracting the pore space and using maximal ball [26] is one of the popular methods for pore-network modeling and it can capture the overall flow responses.
Pore network itself can be divided into two groups of quasistatic and dynamic networks. In the quasistatic networks, the interfaces are determined using the capillary pressure and they ignore the viscous and gravity forces. The dynamic models, on the other hand, can take the capillary, gravity, and viscous forces into account. These methods are, however, computationally expensive [32] . Several pore-network extraction methods have been developed thus far [33, 34] , including statistical reconstruction, process-based, and direct image-based models. In the latter method the 3D image is used directly. Multiscale pore networks can be generated by integrating any of the above models at different scales. Using porous media images has, however, become very popular, as they can map the real geometries. For example, medial axis algorithms convert the actual image into a skeleton [30, 35] by preserving the topology of pore spaces. In another group, as mentioned, the maximum-ball algorithms also take advantage of the available images and extract the pore networks. Preserving the multiscale nature of the porous medium in these methods requires providing images at different scales, which can be time demanding and costly. An excellent review on porenetwork modeling is provided by Wildenschild and Sheppard [36] .
Mathematically speaking, pore network can be represented by pore spaces with the pressure of p i that is connected through throats with a viscous force [36] . The relative permeability can be calculated using
where q tmp is the total flow rate in the presence of other fluid phases. Consequently, the total flow rate can be found by imposing the mass conservation at each pore i:
where j represents all connected throats to pore i. Using these equations requires two assumptions: (i) flow is incompressible and (ii) viscous pressure drop is negligible compared to the capillary pressure [37] . The capillary pressure P c is calculated using the Young-Laplace equation. The relative permeability can be calculated at any P c during the drainage and imbibition cycles based on a static fluid configuration. In other words, the relative permeability is calculated for each fluid configuration by computing the flow rate and relative permeability when a pressure difference is imposed on each phase in the network. The flow rate can be calculated using Poiseuille's equation:
where μ is the viscosity and P i represents the pressure in pore i. l ij indicates the length of the throat between pores i and j . After developing the above equation for each pore, a set of linear equations, namely Ax = b, is obtained. The pressure can be calculated using this equation for each fluid phase.
B. Multiscale pore network
One of the key features of heterogeneous porous media is the multimodal/multiscale pore spaces. Thus, it is vital to represent such pore spaces simultaneously so that the fluid physics and other important properties (absolute permeability, relative permeability, capillary pressure, electrical responses, etc.) can be reproduced properly. This issue becomes more prominent in the tight formations as the experimental techniques are difficult to be conducted.
The concept of multiscale pore networks is very similar to dual porosity in the fractured reservoirs. The aim is, indeed, to integrate the information from the macro-and microscale into a single pore network. Macropores (i.e., intergranular) are those that formed primarily in the medium and often remain open during different processes of cementation and compaction. The micropores indicate the void spaces that are mostly created within the solid phase as the results of pressure dissolution.
The multiscale pore-network modeling has undergone tremendous progress during the recent years. Yet, constructing the pore network of very large samples with a wide range of pore sizes is one of the current challenges as the current methods populate such distributions either from the statistical properties or rescaling the macropores. The objective is to consider both the micro-and macropores concurrently such that they not only present more accurate flow responses but integrate a wide range of pore sizes. In this study, however, neither the statistical properties nor the rescaled pore network is used, but the high-resolution 2D images will be utilized directly. With the recent advances and availability of highquality images, several of such 2D images at various locations of the sample can be available, each of which represents a specific feature.
The proposed algorithm in this paper is summarized as follows: (i) First, the pore network of the macroimage is extracted using the maximal-ball algorithm [26] . (ii) Second, the available high-resolution 2D images are used, and 3D pore networks are generated stochastically [2] . Note that one can use several other images in different directions and enrich the 3D microimages. (iii) Depending on employing any of the above physics (i.e., pore filling, grain filling, or cementation),
Quartz Kaolinite Pores Illite/smecƟte Chlorite Ankerite K-feldspar Plagioclase Siderite Muscovite Calcite Anatase   FIG. 3 . Backscattered electron microscopy images of two sandstone samples representing different minerals and porosities [40] . The white regions indicate clay minerals (i.e., grain-filling scenario in this paper). As can be seen, the pores can be observed between and within the minerals. Note that (b) and (c) represent the segmented images.
3D microimages for different locations are generated and inserted within the corresponding locations. (iv) The final multiscale pore-network models are integrated by connecting the necessary micro-and macropores.
Construction of micropores
In this section, however, the steps that are taken for generating the 3D micropores are discussed [2] . In this study, one 2D image is used for constructing each 3D microimage. Thus, the following steps are used for each location within the macropore network. Note that the input image can be either binary or grayscale. First, the initial micro-2D image is used and one stochastic 2D realization is generated. This 2D model is considered as the first layer of the 3D microimage. Then, starting from this point and using the original 2D image the remaining layers are generated. As such, the external frames of the final 3D model are first generated using the stochastic modeling algorithm described in Refs. [2, 38] . This algorithm can take an image and produce various stochastic realizations. Then, the internal layers are reconstructed in a layer-by-layer manner. Starting from the first layer, a sampling algorithm based on the Shannon entropy is used for identifying the optimal locations (e.g., conditioning data) that are required to be reproduced in the next layer. Then, the stochastic algorithm described in Tahmasebi [39] along with the conditioning data is used and a realization is produced. The reason for using the conditioning data is reproducing the vertical connectivity. These steps are repeated until the 3D model is completed. The final model, for images with complex pore distribution, may represent artifacts as the vertical continuity of the solid and pore phases might not be reproduced as depicted in the initial 2D image. To alleviate such an issue, one can remove the discontinuities iteratively by refining the patterns. Some other important properties such as data distribution of the initial 2D image can also be reproduced if included in the objective function. A sample representing the micropores [40] and its 3D generated model are shown in Fig. 2 . Several other similar examples representing the macro-and micropores existing in a sand sample can be found elsewhere [41, 42] . Furthermore, the sand samples can also be reconstructed using the abovedescribed method [43, 44] .
Depending on the location of micropores, either the grain filling or pore filling, the 3D microimages are built for each 5 . Three different pore-network realizations generated using the 2D sample shown in Fig. 2(a) .
microimage. Such different pores can be identified ahead of the simulation using the available macro-and microimages. For example, a postprocessing, such as the one shown in Fig. 3 [40], can be conducted on the available macroimages and identify the grain-filling and pore-filling locations.
Construction of the multiscale pore network
The macroscale pore network is first constructed using the available macroimage. This network often does not contain the micropores and it only represents the intergranular pore spaces. Then, the designated micropore locations, either the grain-or pore-filling spots, are identified. Next, 3D pore networks are generated based on the available 2D microimages and using the described algorithm in Sec. II B 1. Constructing the micropore requires considering a maximum bounding box in which all microstructures are surrounded. Note that the 3D modeling is not restricted to the size of the simulation grid. In other words, a very large 3D model can be generated using a small 2D image. In the interim, the designated region for populating the micropores is considered as a mask by which the rectangular grid of micropores is selected through a cookie cutter approach. Thus, there will be no need to add another step of identifying the pore and/or throats that fall within the macropores. Finally, the micronetworks are inserted into the predefined locations and connected to the existing macropores. These steps are repeated until all micropores are emplaced and each macropore is connected to its nearest micropore. The end result represents a pore network containing both micro-and macropore-networks. Since the micropores are inserted selectively, the final network can be used for flow simulations directly and without any further simplification. Linking the macroscale pores to microscale requires identifying the adjacent microscale nodes. For two nodes ξ and ζ with inscribed radii r 1 and r 2 , the distance d ξζ is defined by
where d ξ, ζ indicates the Euclidean distance between the centers. Thus, the distance of each micropore from all macropores is calculated and the closest micropore is connected to the corresponding macropore using a new throat. This can be done through a Voronoi diagram, or by using a Euclidean distance between the micro-and macropores. The morphological properties of this new throat, except the throat length, are taken based on the average values from the micropores. In the same way, the pore filling can be accomplished using a similar procedure. Note that fewer assumptions and simplifications are used in this study compared to the current studies. Finally, cementation can also be included in the above modeling. In this paper, cementation is implemented through dilating of grains (or pore erosion) [45] .
III. RESULTS AND DISCUSSION
To implement the above-mentioned physics, instead of working on synthetic granular media model, an actual sandstone sample is used to pose a more truthful distribution of pore spaces. The sandstone sample, along with its extracted pore-network model, is shown in Fig. 4 . The microimage in Fig. 2(a) is used for representing the micropores. It should be noted that one single microimage is not used for the whole macrosample, but various stochastic 3D micromodels are generated using the described stochastic algorithm for the micropore networks. Thus, one can consider micropores with any distributions (e.g., Gaussian, bimodal, and so on). In this paper, thus, the micropores are used as exist in the highresolution 2D images. Three of such micropore-networks are shown in Fig. 5 . The statistical characteristics of the macro-and micropores are summarized in Tables I and II , respectively.
A. Grain filling
First, the effect of grain-filling proportion is studied. Therefore, different fractions of grain filling are considered and the subsequent petrophysical properties are evaluated. Thus, the original pores are preserved while the solid space is randomly chosen and considered as pore space. Three realizations with different filling proportions are shown in Fig. 6 . As can be seen, the proposed method can connect the micropores to the existing macropores. To quantify the effect of incorporating the micropores, the coordinate number, pore radius, and throat length are calculated for each realization with the middle proportion. The results are presented in Fig. 7 , wherein the differences between the original model and our multiscale realizations are shown clearly. For example, as expected, the pore and throat radius distributions represent a significant shift toward the smaller values.
The numerical behavior of our multiscale models is further studied through single-and multiphase flow simulations. In this scenario, the absolute permeability is calculated for the mentioned grain-filling proportions. The results are shown in Fig. 8 . As can be seen, the permeability increases as the initial porosity (0.21) grows as the result of the grain-filling process.
The reason for such an upsurge is adding the micropores to the solid phase.
Two-phase (i.e., oil and water) flow simulation is also conducted on both the original and our multiscale pore networks [8] using water and oil fluids with the interfacial tension of 30 (mN/m), water viscosity of 0.55 cp, and oil viscosity of 0.023 cp. Also, the minimum and maximum intrinsic contact angles of 50 and 60 are used. The drainage and imbibition capillary-pressure saturation curves and relative permeabilities are shown in Figs. 9(a) and 9(b), respectively. Note that the responses of the original single-scale medium are also plotted. As can be seen, adding the micropores results in increasing the capillary-dominated regions. Furthermore, the residual water saturation increases as well as more isolated micropores are available, and they do not allow the nonwetting phase to occupy the pore spaces. For the drainage process, adding the micropores results in reducing the residual saturation, which can be due to connecting the macropores. The relative permeability curves for both processes of drainage and imbibition are shown in Figs. 9(c) and 9(d), respectively. The drainage and imbibition curves for the relative permeability indicate a significant shift due to adding the micropores. Comparison between the single-scale macropore medium (solid lines) and the generated multiscale realizations for (a) coordinate number, (b) pore radius, and (c) throat length for the grain-filling scenario. Note the proposed method in this paper produces several distributions of the above statistics. For the sake of simplicity, however, only the average curves are presented. Thus, the gray curves represent the ensemble average of each statistic. The units for pore radius and throat length are all in micrometers. Absolute permeability versus porosity for the pore-filling (dashed line) and grain-filling (solid line) scenarios. Note that the permeabilities are normalized by the macropores. Note that due to using the same vertical range in axes, the points for porosity = 0.21 are shown as a single point.
B. Pore filling
Next, the effect of removing the macropores and replacing them with microporosity is studied, namely the pore-filling scenario. To this end, different macropores, similar to the previous section, are selected randomly based on a predefined proportion. The results for the proportions of 0.1, 0.4, and 0.8 are shown in Fig. 10 . Most of the pore spaces shown in Fig. 4(c) have been removed and replaced with micropores; see Fig. 10(c) . These micropores are all connected to the macronetwork. The statistical properties of this multiscale pore network are calculated to quantify the significant changes shown in Fig. 10 . The results are presented in Fig. 11 . The significant transformation of the original pore network is well demonstrated in the computed pore radius and throat length. For instance, the throat length manifests a considerable shift toward the smaller sizes, which is the result of adding the small throats of micropores.
Similar to the previous scenario, flow simulation is conducted to further quantify the multiscale pore network generated. The results of absolute permeability are shown in Fig. 8 . Unlike the grain filling, the permeability variation caused by the pore-filling process represents a drastic reduction which agrees with the fact that a number of the large connected pores are replaced with micropores. The capillary pressures for drainage and imbibition curves for the pore filling are presented in Figs. 12(a) and 12(b), respectively. The medium with 10% replacement of the macropores indicates a behavior similar to what exists in the original sample for the drainage process, which can be due to the fact that this multiscale pore network still contains the main pathways. For the pore network with the largest substitution, however, micropores seem to be the main flow path owing to disconnecting the main connections of macropores. The pore network with 40% of substitution is located between the upper and lower networks. The differences between the single-and multiscale pore networks are more perceptible during the imbibition process shown in Fig. 12(b) . Compared to the previous scenario, namely the grain filling, the effects of including micropores are more discernible. The relative permeability curves for the drainage process are also shown in Fig. 12(c) . Except the middle case, the displayed relative permeability curves indicate a significant downward shift.
C. Pore-and grain filling
After introducing the grain-and pore-filling scenarios as two separate processes, they are now integrated since both may occur simultaneously. In this section, thus, such processes are considered together, and the results are shown in Fig. 13 . As depicted, for example in Fig. 13(a) , some of the macropores are removed and replaced with appropriate micropores. Similarly, micropores are also implanted in some solid parts. All such micropores are connected to the original macropores. The existing differences are quantified using the previously discussed statistical criteria and the results are shown in Fig. 14 . The results fall between the pore-and grainfilling scenarios. For example, the initial stage of pore radius distribution is not as sharp as the sole pore-filling scenario and it manifests a smooth trend such as the curve shown in Fig. 7(b) for the grain-filling scenario.
D. Cementation
Cementation is another important process that has been addressed and considered in this paper. Based on the method discussed in Sec. II B 2, two porous media are generated, each of which represents a specific cementation total amount. The original image is shown in Fig. 15(a) . For example, in the light cementation depicted in Fig. 15(b) a small shrinkage of the pore space is observed wherein these pores follow the original shapes, but with smaller regions. In contrast, the medium with a higher cementation total amount shown in Fig. 15 (c) represents regions with smaller volumes. Another important point is removing the small throats from the original medium. Such alterations are depicted in the extracted pore networks shown in Figs. 15(d) and 15(e). Generally speaking, the network representing the heavy cementation rate indicates smaller pores (i.e., sphere).
After generating the cementation models, one can integrate the above-discussed physics, namely the pore-and grain filling. Two of such combinatory and multiscale models rep- resenting cementation, pore-and grain filling are shown in Figs. 15(f) and 15(g). The discussed differences are further quantified through the previous statistics and the results are shown in Fig. 16 . The pore radius and throat length represent a dramatic shift toward the small sizes, which is the result of taking the cementation into account. The proposed method in this paper provides a robust framework for studying the REV. REV analysis, indeed, depends on various parameters, including heterogeneity, the spatial patterns, and the connectivity between the pore spaces. Therefore, in this section, the sensitivity of permeability and connection number to sample size is studied. Due to using a constant grain-and pore-filling ration for all sample sizes, porosity, as one of the common methods in REV studies, is not considered. The results are presented in Fig. 17 . As can be seen, the permeability curves mostly follow the same trend and reach a plateau at a size around 300 voxels. Although the average connection number reaches a similar size, it Fig. 7 , but for the combinatory and multiscale models (cementation, pore-and grain filling). The original sample and multiscale model with different cementation rates are shown in solid, dotted (lower rate cementation), and dashed (higher rate cementation) curves.
represents more fluctuations. In fact, increasing the connection number always does not indicate an effective connection and higher permeability. Another point is that the average connection number for the grain-filling scenario is always higher than the original and pore-filling cases.
IV. SUMMARY AND CONCLUSIONS
In this paper, the effect of including the physical properties such as cementation, grain-, and pore filling is studied through building 3D multiscale models. Unlike the previous methods, the microscale pores are generated stochastically using the actual microimages. Furthermore, the proposed method in this paper has no limitation in terms of pore-size distribution at the microscale and it can use any distributions. The micropores were considered within two scenarios, namely the grain-and pore filling. The grain-filling pores act like parallel pores, along with the macroporosity, while the pore filling are interpreted as a series pore. The statistical properties of the combinatory and multiscale networks were also computed and compared with the single-scale network. Furthermore, the flow behavior was also quantified using multiphase flow simulations.
The results indicate that the micropores for the grainfiling scenario cause a significant increase in permeability and porosity. A reverse behavior was observed for the other scenario, namely the pore filling. Besides, a huge shifting was detected during the drainage test as the relative permeabilities of nonwetting and wetting phases were increased and decreased, respectively.
Then, the effect of cementation and the other two scenarios were considered. For example, even in a light cementation, the permeability is reduced by 10 times. Thus, depending on the rock type, ignoring the micropores and also the cementation in porous media evaluations and transport properties may bring a significant uncertainty and risk. The results of this study can be used in various similar problems where the medium represents multiscale pore networks. For example, tight reservoirs and carbonate rocks share a similar trend of pore space. The proposed stochastic method, along with the image-based cementation, can open venues for the future flow evaluation and porous media characterization. For instance, one can use the available reconstruction methods and build larger macromodels and then integrate the micronetwork. Therefore, the proposed method is not limited to the size of the original macromodel. 17 . Sensitivity of (a) permeability and (b) averaged coordination number to the size of the sample. Note the permeabilities are normalized to the maximum value, which occurred for grain-filling scenario. The black, void, and gray circles represent the original, pore-filling and grain-filling samples, respectively.
